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Abstract

This study examined several alternative methods to measure cumulative risk (CR) based on

multiple risk indicators. Several methods for measuring CR are presented and their concep-

tual and methodological assumptions are assessed. More specifically, at the individual risk

level, we examined the implications of various measurement approaches (i.e., dichotomous,

proportion- and z-scores). At the composite level, we measured CR as an observed score,

and compared this approach with two variable-centered approaches (consisting of reflective

and formative indicators) and two person-centered approaches (consisting of latent class

analysis and latent profile analysis). A decision tree was proposed to aid researchers in

comparing and choosing the alternative methods. Using a sample of 169 low-income fami-

lies (children approximately 5 years old, 51% girls; 74% African American, and their primary

caregiver), we specified models to represent each of the alternative methods. Across mod-

els, the multiple risk composite was based on a set of 12 individual risk indicators including

low maternal education, hunger, meal and money unpredictability, maternal psychopathol-

ogy, maternal substance use, harsh parenting, family stress, and family violence. For each

model, we estimated the effect size of the composite CR variable on children’s externalizing

problems. Results indicated that the variable-centered CR composites had larger effects

than the observed summary score CR indices and the person-centered methods.

Introduction

Investigating the risk factors associated with children’s psychological adjustment has been an

ubiquitous aim in the psychological and developmental sciences. Related to this aim, one line
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of investigation has focused on how children exposed to multiple co-occurring risk factors

tend to have worse developmental outcomes than those who have less, or no, risk factor expo-

sure. Rutter [1,2] proposed a method for measuring cumulative risk (CR) in which multiple

risk factors are aggregated to create a single composite index of risk. This method has been

widely used by researchers and is a robust predictor of children’s mental health problems and

psychological adjustment (for a review, see Evans, Li, & Whipple, 2013[3]).

Researchers have articulated several conceptual and methodological arguments for aggre-

gating multiple risk indicators into a single composite, or CR, variable. Conceptually, aggregat-

ing multiple risk indicators can more accurately ascertain how children’s risk exposure may

cross multiple systems and domains including parental, familial, home, school and neighbor-

hood contexts [3,4]. For many populations (e.g., children living in low-income, urban con-

texts), risk exposure across these domains tend to co-occur and rarely exist in isolation [5].

Methodologically, this approach provides a more simplified model than estimating each risk

factor as a separate predictor. This may be particularly advantageous when investigators are

using small samples sizes, examining exposure to a large number of risk factors within one

model, or when some risk factors co-occur and correlate with each other, which may result in

concerns about collinearity or suppression effects [6]. Furthermore, the use of an aggregate

score typically has greater predictive power than any single risk factor [3]. However, when this

is not the case, it would justify using a single risk factor as opposed to aggregating multiple risk

indices. Investigators have also reported threshold effects, which are not apparent when exam-

ining individual risk factors [7]. Threshold effects indicate that the effect of multiple risk indi-

cators is exacerbated when the number of risks to which a child is exposed exceeds a given

threshold, thus CR exposure may have a non-linear association with children’s psychological

adjustment.

Since the inception of the CR approach, there have been numerous methodological

advances that can be readily applied to measure children’s exposure to multiple risk factors.

However, comparisons across varying methods have been rare and most studies have typically

relied on one method of measuring CR. The aims of this study were to provide a conceptual

and methodological comparison of several alternative methods that can be applied for measur-

ing multiple risk exposure with the goal of assisting researchers in considering the nuances

and distinctions of various approaches. From a conceptual standpoint, several comparisons

are made across each method that is evaluated. More specifically, we consider, 1) the assump-

tions of each approach with respect to whether individual risk indicators should be measured

along a continuum or dichotomized to differentiate those with the most severe risk, and 2) the

implications of each approach with respect to the relative influence (weight) of individual risk

indicators in forming a composite variable. From a methodological standpoint, we present a

strategy for applying each method and elaborate on the conceptual assumptions that underlie

each method. Since one of the primary aims of studies which incorporate a multiple risk

approach is to predict a specific outcome of interest, we evaluate the predictive utility of each

method on children’s externalizing problems in a low-income, diverse sample at high risk due

to maternal substance use during pregnancy. Because there are numerous co-occurring risks

that are present in this population, this was an ideal sample to examine the various methods of

assessing children’s multiple risk exposure.

It should be emphasized that the goal of this study was not to recommend a single

approach, or propose a ‘gold standard’ for measuring CR, but rather to highlight various meth-

ods that have been used by investigators. By evaluating and comparing the conceptual and

methodological assumptions, and potential strengths and limitations of these methods, this

study aims to assist researchers in becoming more knowledgeable about the various options

that are available for assessing CR, and better equipped to make a more informed decision
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regarding their choice of method. Depending on how researchers choose to conceptualize and

measure CR, and their specific research objectives (e.g., analytic and research designs), there

are likely instances in which each of these methods can be effectively and appropriately

applied. Accordingly, we propose a decision-tree that can facilitate this process (see Fig 1).

Observed score methods

Cumulative risk (CR) index. The conventional cumulative risk (CR) index typically relies

on a set of dichotomous or binary variables, each of which is coded to reflect the presence or

absence of a particular risk factor (i.e., 1 = high risk, 0 = no or low risk). This index is computed

by summing each of the risk indicators such that higher scores reflect greater exposure to mul-

tiple risk factors. This summed composite variable (referred to here as the CR index) can then

be incorporated into other analyses (e.g., regression models, structural equation modeling) as

a predictor variable.

At the individual risk level, the investigator must take several factors into consideration.

Decisions should be made a priori about how each variable should be dichotomized. For some

variables (e.g., categorical data), the variable may already be measured at the binary level. For

example, low maternal education may be measured by the presence or absence of a high school

diploma, or single parenthood may be measured by the presence or absence of a second care-

taker residing in the child’s home. However, in many instances, this may require a conversion

of a continuous scale variable into a dichotomous variable. In these instances, investigators

should have a rationale for determining a cut-off score (e.g., a median split, upper quartile,

threshold score) or criterion by which to dichotomize a continuous variable. Notably, dichoto-

mization of continuous variables carries certain drawbacks which investigators should take into

consideration [8, 9]. Because this approach uses dichotomized individual risk indicators, it does

not account for individual risk indicators that may span a continuum. Stated differently, this

approach tends to measure the highest or most severe exposure to a risk factor as opposed to

differentiating a risk factor along a continuum that differentiates severity. For instance, using an

upper quartile split (i.e., 75th percentile and above are considered to be ‘at risk’), it is assumed

that those who fall in the 50th to 75th percentile have ‘no risk’ similar to those who fall in the 0 to

25th percentile range. Depending on how an investigator dichotomizes the individual risk indi-

cators, this approach may be sample-specific. For instance, the use of an upper quartile split

may constitute very different risk classifications in a high-risk or low-risk sample.

At the composite level, this approach also assumes that when risk is present, each individual

risk variable carries the same weight toward the aggregated CR index. That is, this approach

does not differentially weigh individual risk factors such that some indicators may have a

stronger influence on the composite than others. Conceptually, the CR index is based on the

premise that risk exposure becomes more detrimental based on the number of different risks a

child experiences, rather than the specific form or nature of risk. Thus, imposing equal weights

appears consistent with this premise.

One of the potential advantages of the CR index is that it is easily interpretable. To illustrate,

supposing the unstandardized coefficient of the CR index is equal to .2, this can be easily inter-

preted to suggest that for a one-unit increase in cumulative risk (which would correspond to

the presence of an additional risk), there is a .2 increase in the outcome variable. To the extent

there is a threshold effect present, another potential advantage of the CR index is that it can

readily detect such effects (e.g., determining the number of risk factors needed for a child to be

at greater risk for certain developmental outcomes).

Proportion-score cumulative risk (PCR) index. As an alternative to the CR index,

another strategy that can be applied is the proportion-score cumulative risk (PCR) index [10].

Cumulative risk methods
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For each risk indicator, a proportion-score is computed by dividing each individual score by

the maximum score, yielding a proportion-score with a maximum value of one. At the com-

posite level, the PCR index consists of computing the mean (or sum) of each proportion-score

Fig 1. Decision tree illustrating alternative methods to measure cumulative risk.

https://doi.org/10.1371/journal.pone.0219134.g001
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to estimate a composite variable. Compared to the CR index, there may be conditions in

which this approach is more or less advantageous. When the individual risk indicators are

derived from continuous scale variables, it may be more feasible to transform them into a pro-

portion-score than to dichotomize. Notably, when an individual risk indicator is dichotomous

by design, it does not require a transformation to a proportion-score. One of the distinctions

of this approach is that it maintains the relative rank-ordering of individuals on a variable

which is lost in dichotomization. Thus, unlike the CR index which tends to differentiate the

presence of high-risk, this approach assumes risk occurs on a continuum with varying degrees

of severity. Because a proportion-score has a maximum possible value of one, this approach is

similar to the CR index in that high levels of risk across different risk indicators carry the same

maximum weight. Considering that proportion-scores are derived from the maximum score

within a particular sample, one of the potential drawbacks of this approach, perhaps more so

than the CR index, is that it is sample-specific.

Compared to the CR index, the PCR index has been used infrequently. An exception is a

study by Moran et al. (2016), which applied this approach to form a PCR index consisting of

low maternal education, single parent status, residential instability, household density, nega-

tive life events, parental divorce, and maternal depression. However, these investigators did

not explicitly assess the potential advantages of this approach compared to the CR index.

Standardized (z-score) cumulative risk (ZCR) index. The standardized (i.e., z-score)

cumulative risk index (ZCR) is another approach that shares several similarities with the PCR

index (note that this approach is referred to as a summary score in Evans et al., 2013). This

approach entails transforming each individual risk variable into a standardized score (i.e., z-

score), and aggregating the standardized scores (i.e., computing a mean or sum score). It is a

feasible approach when the risk indicators are based on continuous scales, and maintains the

relative rank-ordering of individuals. Thus, this approach assumes risk occurs on a continuum

with varying degrees of severity or risk. Because z-scores are derived from the standard devia-

tion within a given sample, this approach is also highly sample-specific, similar to the PCR.

Unlike the CR or PCR indices, this approach does not inherently assume that all risk indica-

tors are equally weighed. That is, whereas the CR and PCR indices have an imposed range for

each individual risk indicator (0 = no risk, 1 = high risk), this is not the case with z-scores.

Thus, there may be instances in which certain risk variables (i.e., those in which there is a

greater range in standardized scores) contribute more to the composite index. Differential

weights may be advantageous in instances in which a researcher presumes that severe exposure

on a specific risk indicator (or multiple indicators) may be particularly detrimental for a given

outcome, and thus, has a rationale for not assuming equal weights of the risk indicators.

Few investigators have explicitly compared the ZCR to the CR index or other methods. For

instance, a systematic review by Evans and colleagues (2013) found only one study which

explicitly compared these two methods. This study reported that the ZCR was a stronger pre-

dictor than the CR index [11]. However, this finding may be specific to the risk indicators, or

outcomes, that were assessed. Thus, there remains a need for additional research to compare

these methods.

Variable-centered methods

Since the inception of the CR index, the application of latent variable models (e.g., structural

equation modeling, mixture modeling) in psychological research has expanded considerably

allowing investigators to utilize these methods to operationalize multiple risk indicators using

latent (unobserved) constructs. As illustrated in Fig 1, when investigators decide to forgo the

use of observed score CR indices (i.e., CR, PCR and ZCR), they have the option to use latent
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variable methods. We discuss several variants of models that can be applied to measure multi-

ple risk indicators, including variable-centered methods (i.e., reflective and formative indica-

tors) and person-centered methods (latent class analysis and latent profile analysis). These

methods can be applied with dichotomous, proportion- and z-score indicators. Notably,

because the proportion and z-score indicators consist of transformations that maintain the

same rank-ordering of individuals, they produce equivalent covariance (correlation) matrices.

Thus, the differences between these two approaches are perhaps more evident when using

observed score CR indices, and less relevant for the latent variable approaches discussed in the

following sections which rely on a covariance matrix.

Reflective indicator (RI) method. Reflective indicator (RI) models entail specifying a

measurement model using multiple risk indicators as effect indicators of an unobservable latent

construct [12]. This can be achieved by specifying a latent factor such that each individual risk

variable is treated as an indicator of the latent multiple risk construct. One of the advantages of

this approach is that it can be applied when the individual risk indicators are dichotomous or

continuous (i.e., proportion or z-score) variables. Comparing this method to other approaches

raises several other considerations. The RI method assumes conceptual unity and that the indi-

cators are inter-correlated, implying that each indicator is reflective of an underlying unob-

served latent construct [12]. Depending on how the multiple risk measure is conceptualized

and what domain(s) of risk it is intended to measure, this assumption may, or may not, be

met. From our viewpoint, the RI method may be problematic when investigators are attempt-

ing to measure a single composite variable that is based on conceptually distinct risk processes,

which are not necessarily correlated with each other. In these instances, an indicator that is

uncorrelated with other indicators may have a diminished effect on the latent construct [13].

The RI method can be conceived as a factor-analytic model. By extension, this model can

also be used to specify multiple latent variables (factors) to assess multiple domains of risk. To

simplify the comparison of approaches in the current study, we consider the simplest form of

this model in which one latent variable (domain) is specified. However, this approach may be

particularly advantageous in scenarios in which researchers seek to aggregate the individual

risk indicators into multiple, distinct domains [14].

Formative Indicator (FI) method. A second variable-centered approach consists of the

formative indicator (FI) method. The FI method consists of specifying a multiple risk compos-

ite variable in which the indicators are predictors of the composite [15], as opposed to being

reflective of it (as in the RI approach). The use of formative indicators within psychological

research has been a contentious one [13, 16], however, there may be strengths to using this

approach to investigate multiple risk processes. Moreover, although this approach has been

used infrequently to assess multiple risk factors, it may serve as an alternative method that

deserves further empirical evaluation [15].

To determine whether a multiple risk composite should be measured using the reflective or

formative indicator approach, Bollen and Diamantopoulos (2017, p. 582) suggest that, “A

researcher should imagine a change in the indicator and ask whether this change is likely to

change the value of the latent variable. If so, this is theoretical evidence supporting causal or

formative indicators.” Applying this standard, we contend that from both a conceptual and

methodological perspective, there may be instances in which the formative indicator approach

is well aligned with multiple risk assessment. For instance, within the CR perspective, it is con-

ceivable that an increase in maternal education or substance use (i.e., risk indicators) would

increase the child’s exposure to CR (i.e., the composite variable). However, CR is not con-

ceived to cause (precede) maternal education or substance use (as is conceptualized with a

reflective indicator).

Cumulative risk methods
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To further clarify the FI approach, we adopt the terminology proposed by Bollen and col-

leagues [13, 17] to differentiate causal-formative and composite-formative indicators. We posit

that, in many instances, the measurement of a single composite risk variable is theoretically

more consistent with the composite-formative indicator method. Unlike the causal FI

approach, the composite FI approach does not assume conceptual unity, such that each indica-

tor corresponds with the definition of the concept that the latent variable represents. Further-

more, in contrast to the RI method, the composite FI method does not assume that the

individual risk indicators are correlated with one another. Consequently, the composite FI

approach is particularly applicable in instances in which investigators seek to derive a single

composite risk index to aggregate uncorrelated individual risk indicators.

In contrast to other approaches which make assumptions about the equal weights of the

individual risk indicators on the composite measure, one of the potential advantages of the RI

and FI methods is that this assumption can be tested empirically comparing two nested mea-

surement models (e.g., via a chi-square difference test). In one model, which assumes unequal

weights, an unconstrained measurement model can be specified in which factor loadings or

coefficients are estimated freely for each indicator. In a second model, which assumes equal

weights, a constrained measurement model can be specified in which factors loadings (or coeffi-

cients) are estimated to be equal to one another. Given that these two models are nested, a chi-

square difference test (or likelihood ratio test statistic) can then be used to compare these mod-

els and to determine whether imposing equality of weights across indicators results in a reduc-

tion in model fit.

Person-centered methods

CR can also be conceptualized and measured using person-centered methods [18]. Person-cen-

tered methods such as latent class analysis (LCA) and latent profile analysis (LPA) consist of

identifying groups of individuals who exhibit a similar pattern of responses on a pre-specified

set of variables. This methodology can be applied to dichotomous risk indicators (using LCA)

and to continuous risk indicators (using LPA). That is, the primary distinction between LCA

and LPA is the use of categorical or continuous indicators [19]. This methodology can be con-

ceived as a data-driven approach such that the qualitative nature of the identified groups (i.e.,

latent classes) are not specified a priori, but rather depend on the extent to which the estimated

model represents the observed data. Applying this approach to the investigation of multiple

risk indicators, it is conceivable that there are subgroups of individuals who exhibit similar

risk profiles (e.g., high risk across multiple indicators, low risk across multiple indicators, or a

combination of high and low risk across indicators).

There are several considerations in applying person-centered methods for investigating

multiple risk. One potential advantage of this approach is that it may provide greater specifica-

tion about the constellations of risk that are most problematic for adjustment, rather than the

total number of risk factors (based on the CR index) or the severity of aggregated risk exposure

(based on the PCR or ZCR). In this respect, person-centered methods rely on a markedly dif-

ferent conceptual assumption about how risk exposure impacts adjustment [18]. Stated differ-

ently, whereas the CR index assumes that the number of risk factors to which an individual is

exposed influences adjustment outcomes, person-centered approaches may provide greater

insights—depending on the qualitative distinctions of the latent classes that are identified—

into how a specific set of risk factors are associated with adjustment. Because this is a data-

driven approach which examines profiles of risk within a given sample, the nature of the latent

classes that are identified are sample-specific. Moreover, this approach may require larger sam-

ple sizes to distinguish several distinct risk classes (or subgroups).

Cumulative risk methods
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Study aims

In order to assess each of the alternative methods described, this study consisted of five pri-

mary aims. Aim 1 was to examine the effects of the independent (non-aggregated) risk indica-

tors on children’s externalizing problems. Aim 2 was to examine the simultaneous (additive)

effects of the individual risk indicators. Taken together, these two aims were important prelim-

inary steps considering that the primary rationale of forming a composite variable is that it

presumably has a stronger association with the outcome variable than any individual risk indi-

cator. Aim 3 was to compute three observed score CR risk indices based on the three sets of

individual risk indicators (i.e., dichotomous, proportion- and z-scores). Aim 4 was to incorpo-

rate variable-centered analyses as an alternative to the observed score CR indices. Towards this

end, the reflective and formative indicator approaches (i.e., RI and FI methods) were exam-

ined. Aim 5 was to incorporate person-centered methods, via the use of latent class and latent

profile analyses. LCA was used to estimate the models using dichotomous indicators and LPA

was used for the proportion- and z-score indicators.

Before addressing these primary aims, numerous studies were reviewed to identify a set of

empirically derived risk indicators. Although researchers have not consistently measured the

same risk indicators across studies, there are several that have been identified across multiple

investigations including: low maternal education, hunger, meal and money unpredictability,

maternal psychopathology, maternal substance (e.g., alcohol, tobacco and cocaine use), harsh

parenting and discipline, family stress, and family violence [20–29]. Notably, some of these

studies have also incorporated measures of family income, race, and family structure; however,

because the majority of participants in the current sample were low-income, African Ameri-

can, and single-mothers, these indicators were not included because they exhibited low vari-

ability (see Method section for more details on the sample).

For each of the primary aims, effect sizes (R2) were used to compare the relative predictive

power of each method. Since one of the primary aims of studies which incorporate a multiple

risk variable is to predict a specific outcome of interest, we evaluate the predictive utility of

each method on children’s externalizing problems in kindergarten. The rationale for this

selected outcome and developmental period was based on several considerations. There is a

substantial body of research which has been interested in examining how early childhood risk

and adversity impacts children’s psychological adjustment, and in particular the development

of externalizing problems (e.g., aggression, disruptive and conduct problems; [3,4,30–34]. In

turn, children with higher rates of externalizing problems lack the prerequisite (i.e., school

readiness) skills to more effectively adapt to the demands of being in a structured kindergarten

classroom environment, increasing their risks for social and academic problems during this

important transitional period [31,32]. Consequently, an examination of the role of CR on chil-

dren’s externalizing problems during this developmental period may serve as an empirical

example that is of interest to researchers across multiple disciplines.

Method

Participants and procedures

The sample for the current study consisted of 169 parent–child dyads participating in an ongo-

ing longitudinal study. All families were recruited from two urban hospitals serving large num-

bers of low-income, minority families. The study received approval from the institutional

review boards of the hospitals as well as the primary institution at which the study was con-

ducted. Mothers were screened after delivery for initial eligibility in order to identify a sample

of participants with high rates of prenatal substance use (for a more detailed explanation of the

Cumulative risk methods
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recruitment and screening procedures, see [35]). Interested and eligible mothers were given

detailed information about the study and asked to sign consent forms.

Among recruited mothers who agreed to participate (N = 216), 116 had some level of pre-

natal cocaine use. Participating mothers ranged in age from 18 to 42 years (M = 29.78;

SD = 5.46). The majority of mothers were African-American (74%), were receiving Temporary

Assistance for Needy Families (71%) at the time of their first laboratory visit, and were single

(60%). Of the 216 children, 106 (49%) were boys. For the aims of this study, the kindergarten

wave assessment was used, when children were approximately 5 years old. Measures were

derived from a combination of maternal interviews and observations of mother–child interac-

tions. Because of the longitudinal design, participant attrition increased with the passage of

time. By the kindergarten wave, 169 participants were actively involved in the project, and 47

participants (21.8%) had dropped out of the study.

Measures

Meal and money unpredictability. Meal and money unpredictability were assessed using

the meal and unpredictability subscales from the Family Unpredictability Scale [36]. Meal

unpredictability was based on 5 items and money unpredictability was based on 3 items.

Respondents rated items on a 5-point scale (1 = Not at all and 5 = extremely) and subscales

were computed by taking the average score across the indicators (alpha = .60 for meal unpre-

dictability and alpha = .70 for money unpredictability). A proportion score was then created

by dividing each respondent’s subscale scores by the maximum score. A standardized score

was computed based on the mean scores. A dichotomized score was estimated by identifying

the families with some degree of meal and money unpredictability (i.e., average scores greater

than 1.5; about 19.5% of families had meal unpredictability and 30.5% had money unpredict-

ability). Descriptive statistics for the individual risk indicators are reported in Table 1.

Hunger problems. Hunger problems were assessed by using the Community Childhood

Hunger Identification Project (CCHIP) scale [37]. The CCHIP scale consists of 8 items with a

dichotomous (yes, no) response choice which reflect hunger problems over the past 12

months. The individual items were summed to create an overall hunger score with total scores

ranging from 0–8 (alpha = .90). This measure has been validated in several previous studies on

childhood hunger [38,39]. The summed scores were converted into proportion (by dividing by

Table 1. Descriptive statistics for individual risk indicators.

Dichotomized scores Proportion scores Z-scores

N Min. Max. M SD Min. Max. M SD Min. Max. M SD
Money unpredictability 164 0.00 1.00 0.30 0.46 0.00 1.00 0.27 0.25 -1.12 2.95 0.00 1.00

Meal unpredictability 164 0.00 1.00 0.20 0.40 0.00 1.00 0.33 0.23 -1.44 2.88 0.00 1.00

Hunger problems 166 0.00 1.00 0.27 0.45 0.00 1.00 0.14 0.26 -0.52 3.34 0.00 1.00

Family stress 164 0.00 1.00 0.15 0.35 0.00 1.00 0.13 0.17 -0.74 5.17 0.00 1.00

Family violence 167 0.00 1.00 0.15 0.36 0.00 1.00 0.08 0.20 -0.48 5.91 0.00 1.00

Harsh discipline 163 0.00 1.00 0.29 0.45 0.00 1.00 0.13 0.19 -0.66 4.53 0.00 1.00

Low maternal sensitivity 166 0.00 1.00 0.25 0.43 0.01 1.00 0.43 0.24 -1.78 2.38 0.00 1.00

Maternal psychopathology 166 0.00 1.00 0.22 0.41 0.00 1.00 0.15 0.20 -0.73 4.27 0.00 1.00

Maternal cocaine use 167 0.00 1.00 0.08 0.27 0.00 1.00 0.04 0.17 -0.24 5.48 0.00 1.00

Maternal alcohol use 167 0.00 1.00 0.10 0.30 0.00 1.00 0.06 0.18 -0.32 5.26 0.00 1.00

Maternal tobacco use 167 0.00 1.00 0.19 0.39 0.00 1.00 0.10 0.15 -0.67 5.91 0.00 1.00

Low maternal education 169 0.00 1.00 0.27 0.45 -0.61 1.63 0.00 1.00

https://doi.org/10.1371/journal.pone.0219134.t001
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the maximum hunger score), and standardized scores. A dichotomized score was estimated by

identifying the families who indicated any degree of hunger problems (27.1%).

Maternal psychopathology. The Brief Symptom Inventory (BSI) is a brief form of Symp-

tom Checklist 90-R and is a widely used mental health screening measure in a variety of clini-

cal and research settings [40]. It consists of 53 items rated on a five-point scale which assess a

range of psychopathology symptoms (e.g., depression, anxiety, psychoticism, and hostility). A

global severity index was computed by taking the average score across all of the 53 items

(alpha = .98). Dichotomized scores were based on identifying participants who had a normed

T-Score equal to or greater than 60 (21.7%), indicative of participants with scores one SD

above the population mean.

Maternal substance (alcohol, tobacco and cocaine) use. The Timeline Follow-Back

Interview (TLFB) was used to assess self-reported maternal substance use including alcohol,

tobacco and cocaine [41]. Participants were provided a calendar and asked to identify events

of personal interest (i.e., holidays, birthdays, vacations) as anchor points to aid recall. This

method is established as a reliable and valid method of obtaining longitudinal data on sub-

stance-use patterns, has good test–retest reliability, and is highly correlated with other inten-

sive self-report measures [42]. The TLFB yielded data about the number of days of binge

drinking (defined as having 5 or more standard drinks per day) and cocaine use, and average

number of cigarettes smoked per day. For each substance, proportion and standardized scores

were computed based on the total number of days used, adjusting for outliers. Dichotomized

scores were computed by identifying any degree of cocaine use in the past six months (7.8%),

binge drinking at least twice per month (on average) over the past six months (10.2%), and

smoking an average of 10 cigarettes or more per day (19.2%).

Maternal sensitivity. Maternal sensitivity was measured using behavioral observations

during laboratory assessments. Mothers and children were asked to work on a craft project

(decorating a picture frame) for 20 minutes [43]. These interactions were coded using the Par-

ent Child Early Relational Assessment (PCERA; [44–46]) by two sets of trained coders blind to

any information regarding the families. Coders used a collection of 5-point rating scales to

assess the intensity, duration and frequency of specific behaviors (i.e., a score of 1 being equal

to a complete lack of, or minimal evidence for, the quality being rated, and a score of 5 being

equal to an intense, consistent, or extreme reaction). Inter-rater reliability conducted on a ran-

dom selection of 14% of the tapes was r = .94. Scale scores were derived from taking the aver-

age of the coded scores such that higher scores represented lower maternal sensitivity. These

scores were transformed into proportion and standardized scores, and to create a dichotomous

score, the top quartile (25%) were coded as being high risk.

Harsh discipline (corporal punishment). Harsh discipline was measured by the 5-item

physical assault subscale of the Conflict Tactics Scale (CTS; [47]). Mothers reported the frequency

(chronicity) with which they engaged in physical discipline (e.g., hitting, slapping or spanking

their child) in the past year (alpha = .73). Proportion and standardized scores were computed

based on the average scores across the subscale items. A dichotomous score was computed by

identifying the participants (28.8%) who had experienced physical discipline in the past year.

Family stress. The 31-item Life Experiences Survey was used to assess family stress [48].

Respondents indicated whether they had experienced certain major life events (e.g., death of a

family member, serious illness, loss of employment, etc.), and if so, the extent to which the

event had negatively impacted their life (1 = somewhat bad to 3 = extremely bad). Item scores

were averaged together (alpha = .73). Proportion and standardized scores were computed

based on the average scores. A dichotomous measure was computed by identifying the partici-

pants (14.6%) who had indicated experiencing a negative impact from these stressful events

(i.e., mean scores greater than .25).
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Family violence. Family violence was assessed by items taken from the TLFB and the CTS

[47]. An adapted version of the TLFB was used to measure episodes of family violence. Using a

daily calendar over the past six months, mothers were asked about their witnessing, experienc-

ing, or perpetrating violence with their domestic partners. A count variable was computed

based on the number of incidents they had indicated. This count variable was used to compute

proportion and standardized scores, after adjusting for outliers. A dichotomous score was esti-

mated by identifying the families who indicated any degree of family violence (28.7%). Moth-

ers also completed the Conflict Tactics Scale. The physical assault subscale was used which

consisted of 12 items measuring the chronicity that mothers experienced severe and minor

forms of physical violence perpetrated by a partner (alpha = .87). This measure was trans-

formed into proportion and standardized scores, and a dichotomous score was estimated by

identifying mothers who indicated any degree of physical assault (17.9%). The proportion,

standardized, and dichotomous scores for family violence were estimated by aggregating the

TLFB and CTS measures. The dichotomous score was computed to identify mothers who had

indicated family violence on both measures (15.0%).

Maternal education. Mothers were asked to report their highest level of education and a

dichotomous variable was created to reflect those who had not completed high school (27.2%).

Because this variable aimed to differentiate parents who had not completed high school from

those that did, a separate proportion-score for this variable was not estimated (e.g., based on

years of schooling). However, in order to maintain a consistent set of indicators across the dif-

ferent methods that were assessed, the dichotomous score was also included in the analyses

with proportion-score indicators. For the analyses with standardized scores, a z-score was

computed for maternal education based on the dichotomous variable.

Externalizing problems. Maternal reports of children’s externalizing problems were

obtained using the Child Behavior Checklist (CBCL; [49]). The 19-item aggression subscale

was used (alpha = .91), which consists of items reflecting children’s behavioral and emotional

problems. Responses options were scored on a 3-point response scale (1 = “not true” to 3 =

“very true”).

Data analysis plan

The analysis plan revolved around the five primary aims. To reiterate, Aims 1 and 2 were to

examine the independent and additive effects of individual risk indicators on children’s exter-

nalizing problems. Aim 3 was to compute the three observed score CR indices based on the

three sets of individual risk indicators (i.e., dichotomized, proportion- and z-scores), and to

compare their associations with children’s externalizing problems. These first three aims were

addressed using regression analyses. Aim 4 was to incorporate variable-centered latent variable

analysis as an alternative to the CR indices. Towards this end, the reflective and formative indi-

cator approaches (i.e., RI and FI methods) were examined using structural equation modeling

(SEM) with full information maximum likelihood (FIML) estimation. In these models, multi-

ple fit indices, including the χ2, RMSEA, SRMR, and CFI were used to assess model fit. Aim 5

was to incorporate person-centered methods, via the use of latent class and latent profile analy-

ses. LCA was used to estimate the models using dichotomous indicators and LPA was used for

the proportion- and z-score indicators. Latent class and latent profile analysis were specified

using maximum likelihood with robust standard errors (MLR) estimation. In order to deter-

mine the optimal class solution, multiple fit indices were examined as recommended by meth-

odologists (Collins & Lanza, 2010) including the BIC, AIC, sample-size adjusted BIC (SABIC),

and Lo-Mendell-Rubin adjusted Likelihood Ratio Test (LMR-aLRT). Models with smaller

AIC, BIC and SABIC values indicate better fitting solutions. Significant p values on the LMR-
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aLRT indicate that a model with k classes has better fit to the data than a model with k– 1 clas-

ses. Additionally, entropy and class assignment probabilities were assessed which measure

classification precision (values ranging from 0 to 1 with values closer to 1 indicative of greater

precision). Across all models, the standardized (b) coefficients and effect sizes (R2) were used

to compare the predictive power of each approach on children’s externalizing problems. Anal-

yses were performed in MPlus version 8 [50].

Results

Bivariate correlations among the individual risk indicators are reported in Table 2. Correla-

tions above the main diagonal are estimates for the proportion and z-score indicators and

below the main diagonal for dichotomous indicators. Taken together, across the three scoring

methods, there were several small to moderate correlations among the risk indicators. The size

of these correlations provided support for the premise that many of these risk indicators were

associated with each other, but also reflected distinct facets of risk.

Independent and non-aggregated additive associations of the individual

risk indicators on externalizing problems (aims 1 and 2)

To measure the independent effects of each risk indicator on externalizing problems, regres-

sion analyses were performed (see Table 3). The standardized coefficients using the proportion

score and z-score indicators were identical. To simplify the presentation of results, these esti-

mates are provided only once, and referred to as the continuous variable indicators. Results

indicated that for both the dichotomous and continuous variable indicators, money unpredict-

ability, hunger problems, family stress, harsh discipline, maternal psychopathology, and

maternal alcohol and tobacco use were significantly associated with externalizing problems.

Meal unpredictability was associated with externalizing problems for the continuous, but not

dichotomous, indicator. Effect sizes are reported for each indicator, and ranged from .00 to .06

and .00 to .08 for the dichotomous and continuous variables, respectively.

Multiple regression was used to estimate the additive effects of each risk indicator control-

ling for the effects of other indicators (see Table 3). Results using the proportion score and

Table 2. Bivariate correlations among the individual risk indicators.

Variables 1 2 3 4 5 6 7 8 9 10 11 12

1. Money unpredictability 0.36�� 0.47�� 0.21�� 0.05 0.09 -0.04 0.34�� 0.18� 0.12 0.10 -0.01

2. Meal unpredictability 0.21�� 0.23�� 0.10 0.05 0.32�� 0.17� 0.20� 0.13 0.38�� 0.05 -0.04

3. Hunger problems 0.38�� 0.15 0.14 0.04 0.23�� 0.00 0.36�� 0.22�� 0.09 0.04 0.02

4. Family stress 0.14 0.01 0.06 0.20�� 0.07 0.08 0.27�� 0.10 0.09 0.11 0.11

5. Family violence 0.00 0.02 0.08 0.03 0.06 0.05 0.10 0.07 0.18� 0.04 0.01

6. Harsh discipline 0.08 0.30�� 0.11 0.04 0.09 0.20�� 0.19� 0.24�� 0.22�� 0.07 0.00

7. Low maternal sensitivity -0.03 0.01 -0.10 0.09 0.07 0.15 0.02 0.01 0.13 0.00 0.00

8. Maternal psychopathology 0.19� 0.15 0.34�� 0.20� 0.21�� 0.12 0.06 0.28�� 0.17� 0.15 0.10

9. Maternal cocaine use 0.10 0.08 0.18� 0.13 0.07 0.11 -0.07 0.17� 0.28�� 0.10 0.04

10. Maternal alcohol use 0.18� 0.31�� 0.11 0.04 0.30�� 0.15� 0.17� 0.12 0.20� 0.38�� 0.10

11. Maternal tobacco use -0.02 0.12 0.18� 0.06 0.14 0.08 0.00 0.12 0.14 0.14 0.17�

12. Low maternal education -0.08 0.01 -0.01 0.09 0.00 -0.02 0.00 0.07 0.02 0.06 0.14

Correlations above the main diagonal are for the proportion and z-score indicators, and below the diagonal for dichotomous indicators.
�p< .05;
��p< .01;

https://doi.org/10.1371/journal.pone.0219134.t002
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standardized score indicators were identical, and to simplify the presentation of results, these

estimates are provided only once (referred to as continuous variable indicators). Among the

dichotomous indicators, the results indicated that none of the independent effects were signifi-

cantly associated with externalizing problems. Among the continuous indicators, money

unpredictability, family stress, and harsh discipline were significantly associated with external-

izing problems, controlling for the effects of the other indicators. The effect size for the dichot-

omous indicators was R2 = .17, and for the continuous indicators, R2 = .21, indicating that the

additive models yielded effect sizes that were more than twice the magnitude of any of the indi-

vidual indicators assessed independently (i.e., in the non-aggregated models).

Observed score methods (aim 3)

Cumulative risk (CR) index. To compute the CR index, the dichotomous individual risk

indicators were summed together, ranging from 0 to 9 risks (M = 2.41, SD = 1.97). About

17.2% of children had zero risks, 21.3% had 1 risk, 20.7% had 2 risks, 12.4% had 3 risks, 16.0%

had 4 risks and 12.4% had 5 or more risks. The CR index was significantly associated with

externalizing problems (B = .38, p< .001, R2 = .14). To further assess whether there was a

threshold effect, mean scores for externalizing problems were compared for children with

varying risk. Children with 5 or more risks were combined into one group to account for small

frequencies in these groups. The results did not consistently indicate the presence of a thresh-

old effect (see Fig 2). Post-hoc analyses revealed that the children with 3 or 5 or more risks had

higher levels of externalizing problems than children with 0, 1 or 2 risks, but these differences

were not statistically significant for children with 4 risks.

Proportion-score cumulative risk (PCR) index. To compute the PCR index, the pro-

portion score individual risk indicators were averaged (M = .18, SD = .10, range = .00 to .57).

Table 3. Independent and additive associations of the individual risk indicators with externalizing problems.

Independent Effects Additive Effects

Dichotomous

Scores

Continuous

Scores

Dichotomous

Scores

Continuous

Scores

B R2 B R2 B R2 B R2

Money unpredictability 0.23�� 0.05 0.27��� 0.07 0.14 0.19�

Meal unpredictability 0.12 0.02 0.19� 0.04 -0.03 -0.02

Hunger problems 0.24��� 0.06 0.19�� 0.04 0.11 0.01

Family stress 0.17� 0.03 0.25��� 0.06 0.11 0.16�

Family violence 0.12 0.01 0.07 0.01 0.03 -0.02

Harsh discipline 0.21�� 0.04 0.28��� 0.08 0.15 0.23��

Low maternal sensitivity 0.07 0.01 0.08 0.01 0.03 0.02

Maternal psychopathology 0.23�� 0.05 0.24��� 0.06 0.11 0.09

Maternal cocaine use 0.08 0.01 0.06 0.00 -0.04 -0.11

Maternal alcohol use 0.21�� 0.04 0.20�� 0.04 0.12 0.10

Maternal tobacco use 0.15� 0.02 0.17� 0.03 0.09 0.07

Maternal education 0.06 0.00 0.03 0.01

Total 0.17 0.21

Note: Results using the proportion score and z-score indicators were identical. To simplify the presentation of results, these estimates are provided only once (referred to

above as continuous scores).

�p< .05

��p< .01

���p< .001

https://doi.org/10.1371/journal.pone.0219134.t003
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The PCR index was significantly associated with externalizing problems (B = .36, p< .001,

R2 = .13).

Standardized (z-score) cumulative risk (ZCR) index. To compute the ZCR index, the

standardized individual risk indicators were averaged (M = .00, SD = .46, range = -.75 to 2.13).

The ZCR index was significantly associated with externalizing problems (B = .38, p< .001,

R2 = .14).

Variable-centered methods (aim 4)

Reflective indicator (RI) method. Structural equation modeling (SEM) with maximum

likelihood estimation was used to specify latent variable models to assess the RI method. Sepa-

rate models were specified using the varying individual risk indicators (i.e., dichotomous, pro-

portion and standardized scores). Using the proportion score indicators, a latent variable

model was specified in which the 12 individual risk indicators were used to specify a multiple

risk latent construct (see Fig 3). Residual covariances were estimated for indicators that were

derived from the same measure (e.g., between meal and money unpredictability, and among

maternal alcohol, tobacco and cocaine use), but are not shown in Fig 3 to simplify the presen-

tation of results. The factor loadings for this model were unconstrained, indicating that the

individual risk indicators had unequal weights on the latent construct. This model had inade-

quate model fit (χ2 = 93.36, df = 58, p< .01; RMSEA = .06, SRMR = .06, CFI = .84) and there

were considerable variations in the size of the factor loadings across the indicators. It appeared

that the loadings for family violence, maternal sensitivity, maternal tobacco use and maternal

education were particularly low (i.e., less than .40). The latent construct reflecting multiple risk

was a significant predictor of externalizing problems (B = .45, p< .001, R2 = .20). Using the

same parameters, this model was specified again using the standardized scores. Notably, results

across these models were identical, with the exception of slight variations in the unstandard-

ized factor loadings.

By permitting the factor loadings to vary across indicators this model did not assume that

each risk indicator would have an equal weight on the latent factor. However, because the

overall model fit was low, it was not feasible to impose equal weights (i.e., constrain factor

Fig 2. Children’s externalizing problems by total number of risks (based on dichotomous indicators).

https://doi.org/10.1371/journal.pone.0219134.g002
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loadings) as this approach would further reduce fit. Thus, a constrained model was not

specified.

To examine whether the use of the RI method varied by using dichotomous scores, the

latent variable model was re-specified using the WLSMV estimator to accommodate for cate-

gorical data. Similar to the models with proportion/standardized scores, there was consider-

able variation in the size of the factor loadings across the indicators (i.e., the unstandardized

factor loadings ranged from .15 to 1.19). The latent construct reflecting multiple risk was a sig-

nificant predictor of externalizing problems (B = .46, p< .001, R2 = .21).

Formative indicator (FI) method. Path analysis was used to specify the FI method. In

contrast to the RI method in which the individual risk indicators are reflective indicators of

the latent construct, in the FI method, the indicators are conceived as composite formative

indicators. Stated differently, the arrows in the path model are from the indicators to the

Fig 3. Path diagram for reflective indicator (RI) method examining the associations of multiple risk indicators (proportion scores) on

children’s externalizing problems. Unstandardized estimates are provided, and for the effect on externalizing problems, the standardized estimate

is shown in parentheses. ���p< .001.

https://doi.org/10.1371/journal.pone.0219134.g003
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composite variable (as opposed to the RI method in which the paths are from the latent con-

struct to the indicators).

Using the proportion score indicators, a model was specified in which the 12 individual risk

indicators were used to predict a multiple risk composite variable (see Fig 4). To specify the

composite variable, its variance was constrained to zero [12]. The composite multiple risk vari-

able was a significant predictor of externalizing problems (B = .45, p< .001, R2 = .21). Using

identical parameters, this model was specified again using the standardized scores. Notably,

results across these models were identical, with the exception of slight variations in the unstan-

dardized factor loadings. To examine whether the use of the FI method varied by using the

dichotomous individual risk indicators, the model was specified again using the dichotomous

scores. The multiple risk composite variable was a significant predictor of externalizing prob-

lems (B = .41, p< .001, R2 = .17).

Fig 4. Path diagram for formative indicator (FI) method examining the associations of multiple risk indicators (proportion scores) on

children’s externalizing problems. Unstandardized estimates are provided, and for the effect on externalizing problems, the standardized

estimate is shown in parentheses. ���p< .001.

https://doi.org/10.1371/journal.pone.0219134.g004
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Person-centered methods (aim 5)

Latent class analysis (LCA). Using the dichotomous scores, a series of LCA models were

specified starting with a 2-class solution and introducing additional classes (i.e., 3- thru 5- clas-

ses). Class-specific probabilities were plotted to assess the qualitative nature of the classes and

to determine whether each class was conceptually meaningful and interpretable. Based on eval-

uating the fit indices and the qualitative nature of the classes, the 2-class solution was deter-

mined to be the optimal model solution. Compared to models with varying numbers of

classes, this model had the lowest BIC, and a statistically significant LMR-aLRT (see Table 4).

This model consisted of two distinct classes, one characterized as being a low-risk class

(66.3%), and the second being a high-risk class (33.7%). Class-specific probabilities are shown

in Fig 5A. Notably, estimating a 5-class model resulted in convergence problems and the

model not replicate consistently, indicating a possible local maxima [19]. Therefore, fit indices

for this model are not reported in Table 4.

Latent profile analysis (LPA). Similar to the LCA, a series of LPA models were specified

using the proportion and z-score indicators. With respect to the proportion score indicators,

although the information criteria (AIC, BIC, and SABIC) consistently favored models with

increasing numbers of classes, the LMR-aLRT indicated that the 2-class solution had a better

fit than the 1-class solution, but additional classes did not significantly improve model fit (see

Table 4). Based on these considerations, the 2-class model was selected as the optimal solution.

This model (see Fig 5B) consisted of a high-risk class (45.0%), and a low-risk class (55.0%).

Using the z-score indicators, results for the LPA models indicated that the information cri-

teria (AIC, BIC, and SABIC) consistently favored models with increasing numbers of classes.

However, the LMR-aLRT indicated that the 3-class solution had better fit than the 2-class solu-

tion, but the 4-class solution did not have significantly better fit than the 3-class solution (see

Table 4). Based on these considerations, the 3-class model was selected as the optimal solution.

Table 4. Model fit indices for latent class and profile analyses.

Model LogL AIC BIC SABIC Entropy LMR-aLRT

LCA (Dichotomous scores)

Two-class -933.47 1916.95 1995.19 1916.04 0.65 84.24��

Three-class -917.71 1911.43 2030.36 1910.04 0.80 31.05

Four-class -905.77 1913.55 2073.17 1911.69 0.79 23.53

LPA (Proportion scores)

Two-class 421.48 -788.96 -704.45 -789.94 0.92 723.31��

Three-class 599.65 -1117.29 -988.97 -1118.79 0.94 351.77

Four-class 715.38 -1320.75 -1148.61 -1322.76 0.95 228.67

Five-class 785.41 -1432.82 -1216.86 -1435.33 0.94 138.56

LPA (Z-scores)

Two-class -2526.43 5106.85 5191.36 5105.87 0.86 574.49���

Three-class -2407.70 4897.39 5025.72 4895.90 0.89 234.20�

Four-class -2350.96 4811.92 4984.06 4809.92 0.91 112.02

Note. LogL = Loglikelihood, AIC = Akaike information criteria, BIC = Bayesian information criteria, SABIC = Sample-size adjusted Bayesian information criteria;

LMR-aLRT = Lo Mendell Rubin adjusted likelihood ratio test, LCA = Latent class analysis, LPA = latent profile analysis. Rows in bold were selected as the optimal

model solution. In the LCA and LPA (z-score) models, estimating a 5-class model resulted in convergence problems and the model not replicate consistently. Therefore,

fit indices for these models are not reported above.

�p< .05

��p< .01

���p< .001

https://doi.org/10.1371/journal.pone.0219134.t004
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Fig 5. Results for person-centered methods (latent class and profile analyses) which identified multiple risk classes based on 12 individual risk

indicators (derived from dichotomous, proportion- and z-scores).

https://doi.org/10.1371/journal.pone.0219134.g005
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This model consisted of a high-risk class (23.7%), a moderate-risk class (51.5%) and a low-risk
class (24.9%). Class-specific means are shown in Fig 5C. Notably, estimating a 5-class model

resulted in convergence problems and the model not replicate consistently. Therefore, fit indi-

ces for this model are not reported in Table 4.

Comparing LCA and LPA models. Comparing the solutions across the LCA and LPA

models demonstrated that the use of dichotomous, z-score and proportion-score indicators

appeared to influence class identification. To further assess how consistently these models dif-

ferentiated children who could be characterized as high-risk, the individual class assignment

probabilities derived from these models were extracted. Bivariate correlations revealed that

across the models the probability of being high-risk ranged from r = .47 to .63. Thus, although

the results indicated moderate to high consistency across the three models with respect to chil-

dren’s classifications, some inconsistencies also emerged across these methods.

To assess the associations of being in the high-risk class and externalizing problems, a series

of regression analyses were performed. More specifically, for each model that was selected

based on the dichotomous, z-score, and proportion-score indicators, children’s class assign-

ment probabilities of being in the high-risk class were used to predict externalizing problems.

Notably, in the LCA/LPA framework, there are different approaches to examine the associa-

tions between class membership and outcome variables, however, this particular approach was

selected because it provided standardized regression coefficients (B) and effect size measures

(R2) that were directly comparable to the other multiple risk methods assessed.

Using the class assignment probabilities from the LCA (i.e., using dichotomous indicators),

the results indicated that children who were more likely to be classified in the high-risk class

had significantly higher rates of externalizing problems (B = .37, p< .001; R2 = .14). Results

from the LPA model using the z-score indicators (B = .25, p< .001; R2 = .06) and proportion

score indicators (B = .24, p< .001; R2 = .06) also indicated that children who were classified in

the high-risk classes had significantly higher rates of externalizing problems. However, the

effect sizes for these models were lower compared to the LCA model.

Discussion

This study contributes to extant research in several ways. Perhaps most importantly, it pro-

vides a comprehensive assessment of alternative methods to measure cumulative risk (CR)

based on multiple risk indicators, elaborating on their conceptual assumptions and operatio-

nalization. Although many studies have incorporated CR variables, it has been rare for investi-

gators to compare multiple methods systematically [3]. To our knowledge, this is the first

study to attempt an empirical comparison across the seven proposed methods. A decision tree

(Fig 1) was proposed to aid researchers in determining which methods may be more appropri-

ate in consideration of, 1) the measurement and operationalization of the individual risk indi-

cators, 2) the overall analytic design and feasibility of using observed or latent scores, and 3)

how the primary research objectives align with variable- or person-centered methods. In sce-

narios in which investigators opt to use variable-centered analyses, we clarified the rationale

for using the reflective or (composite) formative indicator methods.

Independent and additive (non-aggregated) associations of the individual

risk indicators on externalizing problems

The first aim of this study was to examine the effects of the independent (non-aggregated) risk

indicators on children’s externalizing problems. These analyses provided a baseline by which

to assess whether the aggregation of multiple risk indicators had a stronger association with

externalizing problems than any single indicator. Although this is a longstanding assumption
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of the CR approach [1, 3, 51], we contend that testing this assumption empirically should serve

as an integral preliminary step when investigators are determining to utilize a CR measure.

The results indicated that several of the individual risk indicators including money unpredict-

ability, hunger problems, family stress, harsh discipline, and maternal psychopathology, alco-

hol and tobacco use were significantly associated with children’s externalizing problems.

Moreover, consistent with CR perspectives [1, 3, 51], compared to the individual risk indica-

tors, the effect sizes for the CR indices clearly indicated that they provided a more robust mea-

sure which was more strongly associated with externalizing problems.

Although an examination of the individual risk indicators provided some insights into

whether the different approaches to operationalizing these indicators—that is dichotomous,

proportion-, or z-scores—impacted their strength of association with externalizing problems,

decisions pertaining to operationalization must also take into account practical and conceptual

considerations. On the one hand, methodologists have raised concerns about the potential

impact of dichotomizing continuous variables [8,9]. On the other hand, it is common practice

in many areas of psychological research to dichotomize variables to select out more severe

cases of risk [3].

The second aim of this study was to perform multiple regression analyses to assess the

simultaneous (additive) effects of the individual risk indicators. Findings validated the premise

that the additive effects of multiple risks outweighed the independent effects. More specifically,

across the three approaches of operationalizing the individual risk indicators, the additive

effect sizes were more than twice as large as any of the independent effects. Notably, the addi-

tive effects of the continuous scores (i.e., proportion-scores and z-scores) had a slightly larger

association with externalizing problems than the dichotomous scores. A comparison of the

independent and additive models also raises some questions about potential suppression

effects. That is, in contrast to the independent effects which indicated that more than half of

the risk indicators were significantly associated with externalizing problems, none of the

dichotomous indicators, and three of the continuous indicators had a statistically significant

association with externalizing problems, even though the overall effect sizes in the additive

models were larger.

Observed score methods

The third aim of this study was to compute three observed score cumulative risk indices (i.e.,

CR, PCR and ZCR indices) based on the three sets of individual risk indicators, and to com-

pare their associations with externalizing problems. Results indicated that the differences in

effect sizes across these three approaches were fairly negligible. In comparing the PCR and

ZCR approaches, one of their fundamental differences was the extent to which any of the indi-

vidual risk indicators may have a differential impact on the composite index (i.e., the relative

weight of each indicator). Along these lines, the results indicated trivial differences between

these two approaches, suggesting that they are fairly interchangeable and yield similar effects.

In summary, although decisions about how to operationalize the risk indicators are

grounded in different conceptualizations of risk (e.g., measuring risk indicators along a con-

tinuum, and differential weight of the risk indicators), it appeared that these distinctions did

not have much bearing on the predictive power of the observed score indices. Because rela-

tively few studies have used the PCR or ZCR indices (as opposed to the CR index), compari-

sons across these approaches have been rare. Thus, additional research evaluating these

alternative approaches may yield greater confidence in whether these findings are more

broadly generalizable, or specific to the sample, risk indicators, and outcome evaluated in the

current study.
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It is also worth noting that across these three CR indices, the overall effect sizes were smaller

than what was observed with the additive regression analyses, but larger than the independent

effects. These results are fairly consistent with those reported by Evans et al. (2013). In their

comprehensive review of studies, they found that across 95 comparisons which explicitly com-

pared the CR index to the additive approach (assessing a variety of children’s outcomes includ-

ing externalizing problems), 58 of these comparisons indicated that the additive approach

resulted in a larger effect size, 7 comparisons indicated the CR index resulted in a larger effect

size, and 30 comparisons yielded comparable effect sizes.

Beyond examining effect sizes, there may be other considerations for researchers when

deciding to use a CR index compared to examining the additive effects of the individual risk

indicators. The use of many (in our case 12) individual risk indicators is likely to add consider-

able complexity to model specification (e.g., the inclusion of many additional parameters

within a SEM framework). Furthermore, researchers are likely to face challenges accurately

interpreting the results if dealing with potential suppression effects across the individual

indicators.

Variable-centered methods

The fourth aim of this study was to incorporate variable-centered analyses as an alternative to

the observed score CR indices. Towards this end, the reflective and formative indicator

approaches were examined (i.e., the RI and FI methods). The results indicated that regardless

of how the individual risk indicators were operationalized, both of these methods yielded effect

sizes that essentially matched, and slightly outperformed the effects observed in the additive

models. Consequently, these methods also outperformed the three observed score CR indices

as well. Although these methods yielded relatively larger effect sizes, they also raised several

caveats that deserve further consideration. Both methods yielded models in which the factors

loadings (for the RI models) and the coefficients (in the FI models) resulted in the individual

risk indicators having unequal weight on the multiple risk composite. Furthermore, given the

wide range in factor loadings in the RI models it appeared that some risk indicators (e.g., fam-

ily violence, maternal sensitivity, maternal tobacco use and maternal education) had a very

small contribution towards the latent construct, even though these were not necessarily the

variables that had non-significant associations with externalizing problems. Finally, the overall

model fit for the RI model was inadequate. Taken together, these caveats raise conceptual and

methodological concerns about the applicability and appropriateness of this approach for

assessing CR.

Underlying the decision to use the RI or FI method are assumptions about the nature of

associations among the individual risk indicators and the composite variable. The RI method

assumes that there is conceptual unity and internal consistency among the indicators.

Although this is often the case when specifying latent constructs, this method may not be

appropriate to use when this assumption is not reasonably met. Consequently, when the risk

indicators lack conceptual unity and internal consistency (reliability), the composite FI

method is more suitable [12, 13, 15]. In the current study, it is presumable that the risk indica-

tors were intended to assess risk across multiple domains and did not maintain conceptual

unity or internal consistency. Although some were correlated, this was not the case across the

collective set of indicators. Thus, it appeared that the composite FI method was better aligned

with assessing multiple risk than the RI method. It is important to recognize that this conclu-

sion was based on the operationalization of a single composite measure of CR, measuring mul-

tiple domains of risk. Indeed, the primary aims of this study were to examine alternative

methods for aggregating the individual risk indicators into one composite risk variable.
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However, there may be instances in which investigators are interested in examining the effects

of domain-specific risk factors and seek to specify more than one composite risk variable in

order to partition the individual risk indicators into domain-specific factors.

Person-centered methods

The fifth aim of this study was to incorporate and assess person-centered methods. LCA was

used to estimate the models using dichotomous indicators and LPA was used for the propor-

tion- and z-score indicators. Across these models, it appeared that the different indicators had

an impact on class identification and the corresponding fit indices. Notwithstanding these dif-

ferences, all three models consistently identified a class of children, labelled as high-risk, who

exhibited relatively higher levels of risk across the collective set of indicators. Results indicated

that children in the high-risk classes were at greater risk for having externalizing problems,

however there were some variations in the effect sizes corresponding with these models.

From a multiple risk perspective, person-centered methods are typically advantageous

when researchers are interested in identifying discrete subgroups of individuals with distinct

constellations of risk [18]. Notably, in the current study, the identified classes were character-

ized by quantitative (i.e., mean-level) differences, and were not qualitatively distinct such that

they were higher on some risk indicators, but lower on others. Methodologists have noted that

this pattern of findings may be reflective of an underlying multivariate normal distribution,

indicating that there are not qualitatively distinct subgroups of individuals in the population

[52]. Alternatively, perhaps identifying additional classes of children who are more qualita-

tively distinct in their risk profiles requires larger sample sizes than was available in the current

analyses. If this is in fact the case, this methodology may require the use of larger sample sizes,

compared to the other methods that were examined.

Study limitations and future directions

Sample specificity and generalizability of findings. Taken together, the findings pro-

vided novel insights into the relative strength of associations among the various CR

approaches and children’s externalizing problems. However, there are several limitations to

these findings, which have important implications for future research. Perhaps, most impor-

tantly, the findings reported in this study are specific to: 1) the collective set of multiple risk

indicators, 2) the sample characteristics, and 3) the specific outcome under investigation.

Thus, the extent to which the pattern of associations reported in this study would replicate in

other samples remains an important empirical question and direction for future research.

Additional studies that utilize comparable methods with different populations, and similar (or

varying) sets of multiple risk indicators and outcomes, would collectively increase generaliz-

ability, and provide insights pertaining to the potential sample-specific variations of the differ-

ent approaches examined here.

With respect to the first and second points, it is unclear whether the overall pattern of find-

ings was impacted by the specific risk indicators which were included in these models.

Although prior research and theory are likely to inform decisions pertaining to which risk

indicators to assess, investigators must also consider the demographics of their sample partici-

pants. For instance, in the current study, including risk indicators to assess low family income

or single parent households would have identified the majority of participants. Thus, including

these variables was not likely to yield much advantage in terms of differentiating risk exposure

among participants. In addition to the selection of risk indicators, a related issue pertains to

the measurement quality of each indicator. Presumably, some indicators are assessed with

more valid and reliable measures than others, introducing potential concerns with
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measurement error. Although it was beyond the scope of this study to explicitly consider the

potential implications of measurement quality, this may serve as an interesting direction for

future research (e.g., via the use of simulation studies).

With respect to the third point, it is unclear whether the pattern of findings was specific to

the outcome investigated, children’s externalizing problems. Although multiple risk measures

are robust predictors of children’s adjustment across multiple domains [3], we cannot rule out

the possibility that the alternative methods assessed may have differential effects on other out-

comes (e.g., internalizing problems or cognitive development), or had externalizing behaviors

been measured using a different informant (e.g., teacher reports). Notwithstanding these

potential differences, the methods used in this study could be readily applied to simultaneously

examine multiple developmental outcomes. Thus, additional research comparing these alter-

native methods across multiple outcomes (and informants) would provide further insights

pertaining to their robustness.

It is also important to note that there are other methods, not examined in the current study,

which can be applied to aggregate multiple risk indicators. For instance, other factor analytic

methods, principal components analysis, and cluster analysis may have derived complemen-

tary findings. Although the methods included in this study were not exhaustive, they collec-

tively reflect a combination of some of the most commonly used methods in prior research

[3], as well as some promising alternatives that have been used less frequently.

Assessing multiple (domain-specific) risk domains. As previously noted, the approaches

used in this study revolved around an examination of single composite measures of CR. An

interesting direction for future research would be to extend these methods to the examination

of multiple, domain-specific risk composite measures. Such an examination would provide

complementary insights, and expand on the various conceptualizations of risk exposure that

have been investigated in developmental and clinical research on children’s mental health and

psychological adjustment. Importantly, one of the strengths of the various approaches

reviewed in this study is that they represent flexible methodologies that can be readily extended

to the examination of multiple risk domains. By examining additional latent (or composite)

factors in the RI and FI methods, and additional latent classes in the LCA and LPA models,

each of these approaches can be used to incorporate multiple risk domains. Whereas LCA and

LPA reflect a data-driven approach for examining multiple risk domains, the RI and FI meth-

ods may require a priori considerations about the specification of multiple risk domains.

Regardless of the approach used, the examination of multiple risk domains is an important

step to further elucidate which risk profiles, or constellations of risk, are particularly detrimen-

tal for children’s adjustment. Furthermore, such an examination may have implications for

better understanding the mechanisms by which risk exposure impacts child development, and

intervention efforts that aim to improve children’s developmental trajectories by reducing

their exposure to specific risk factors. For instance, some investigators have suggested differen-

tiating risk exposure along two dimensions representing deprivation and threat [53,54].

Although such a reconceptualization would require a shift from examining a single CR com-

posite to examining multiple domains of risk, we contend that the approaches reviewed in this

study provide a methodological framework to pursue this interesting line of research.
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